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Abstract; In order to improve the classification accuracy and calculation speed of P300
electroencephalogram ( EEG ) signals in the brain-computer interface (BCI), a channel automatic
selection algorithm of P300 EEG signal based on group sparsity Bayesian logistic regression was
proposed. First, the algorithm established the decoding model of P300 EEG signals under the
Bayesian framework, and then, a priori group automatic relevance determination ( GARD ) was
proposed to determine the weight coefficients of P300 EEG channels under group sparse
constraints. Finally, the maximum likelihood estimation was used to solve the hyperparameters
and select the optimal subset of P300 EEG channels, avoiding a large number of cross-validation
processes. The proposed method was verified on the BCI competition dataset and self-acquisition
dataset. The experimental results showed that the proposed method can automatically select P300
related channels and may improve the accuracy of P300 feature classification.

Key words: automatic relevance determination ( ARD ); group sparsity Bayesian; channel
selection; P300; brain-computer interface ( BCI)
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Table 1 Comparison results of the best channel
number( BCl competition datasets)

W E LASSO SBLR GLASSO A JE:
A 31 41 55 43
B 28 28 51 40

i 29.5 34.5 53 41.5
»
SOV

= 4 2 ®
[
-1 0
LASSO GLASSO SBLR AXFi:

B MEBENERYSME(BCI ZTHEHIE)
Fig. 1 Distribution map of EEG channel weight
coefficient( BCl competition datasets)
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Table 2 Character input accuracy of 5, 10 and 15
repetitions in the test set( BCl competition

datasets)
Wik T YO LAOZSO S];)LR GL,;)SSO z:ﬁ;)ﬁiig‘

5 73 65 70 73
A 10 89 87 87 88
15 97 98 96 99
5 74 75 76 76
B 10 91 92 90 91
15 94 94 93 95

5 73.5  71.5 72.5 74.5

F 10 90 89.5 88.5 89.5
15 95.5 96 9.5 97

T BT AN 51T (e R 5.

K2 458 1 4 FhidiE e BT A SR A
HOAN TRV B A BT B9 A SFUN R . 72 R 24
TEOUT A SO ) 7 3 A 0 10OKS B2 7 T AL T
[|UNZRES
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Fig. 2 Character input accuracy under different
repetition times in the test set( BCI
competition datasets)
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P TE Y ZR40H0 4R | 0 95 A fE 3l 1 T AR AN B A2
DA RIS SRS (S E vall A €/ =
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SR ARSI A7 198 A4 RIS S AR S0 ) 4%
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14 fre A0 A8 . 28T BCI 32 ZE U 19 45 21,
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Table 3 Number of the best channels for each method
and each subject( self-collected datasets)

lignesy LASSO SBLR  GLASSO Ak
1 16 9 26 20
2 13 5 25 14
3 16 14 25 16
4 18 8 26 12
5 13 16 26 13
6 24 17 26 18
7 16 11 26 16
8 17 8 26 17
9 30 20 27 16
10 17 10 25 17
11 13 8 25 12
12 8 10 25 16
13 20 9 26 16
14 5 7 26 14
15 10 12 25 15
Sy 15.7 10.9 25.7 15.5

SR T i — A B T A 3 T T A A B
P ) T 38 7 50 IE 5 4 P AT T AR
SIVERG R, % 4 BoR 15 MHAESZ 5,10 K
BT AR5 AMERG R, ] LUR 15 Hor =
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MURECAR T 5 B, GLASSO 5 GSBLR 14 # i %
WA D EN2ZR, 5 GLASSO 48 T H Z i H
R TN N

T~

N
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=TT

3 RERBENERHFSTE(BRELHE)
Fig. 3 Distribution map of EEG channel weight
coefficient( self-collected datasets)

F4 BREZBEFZFEVNREREHINES 5 XM
10 REYERRE (B REHIE)
Table 4 Accuracies of 5 and 10 repetitions in the test
set for each channel selection method and
each subject( self-collected datasets)

Wit E T LAOZSO SI;)LR GL;)SSO Zlij;)ﬁ?i‘

1 5 75 80 2.3 9.3
10 93.1 93.3 97.5 97.5

2 5 65.5  75.9 89.7 9.3
10 %.6  89.7 %. 6 100

3 5 62. 1 65.5 83.9 93
10 93.1 93.1 97.5 97.5

4 5 70 % 90 9.3
10 85 7] 97.5 98.4

5 5 3.3 733 93.3 9.7
10 97.5  93.3 97.5 98.4

6 5 67.5 70 93.7 93
10 97.5  91.5 100 100

7 5 7.5 7.5 85 94
10 ) 2.5 95 97.5

8 5 85 7.5 91.5 95.3
10 97.5 95 97.5 97.5

9 5 9.2  69.2 89.7 9.7
10 80.7 2.3 100 98.4

10 5 5.7 55.2 87 93.3
10 93.1 9.1 97.5 98.4

11 5 87.4 8.4 9.3 9%
10 9.9  93.4 100 100

12 5 6.7 718 9. 1 93.1
10 743 84.6 9.9 97.4

13 5 7.4 7.4 89. 1 93.3
10 87.15  83.95 95.6 9.7

14 5 83.3 81 9.5 95.2
10 88.1 85.7 95.2 97.5

15 5 8.4 79.1 90.7 95.7
10 86.1 83.7 100 100

Ty 5 7.5 75.4 9.2 9.5
10 920.9 9.8 97.6 98.4

T BT AR 0T e fEER .
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